Motivation: Recent studies have revealed a complex interplay between environment, the human microbiome and health and disease. Mediation analysis of the human microbiome in these complex relationships could potentially provide insights into the role of the microbiome in the etiology of disease and, more importantly, lead to novel clinical interventions by modulating the microbiome. However, due to the high dimensionality, sparsity, non-normality and phylogenetic structure of microbiome data, none of the existing methods are suitable for testing such clinically important mediation effect. Results: We propose a distance-based approach for testing the mediation effect of the human microbiome. In the framework, the nonlinear relationship between the human microbiome and independent/dependent variables is captured implicitly through the use of sample-wise ecological distances, and the phylogenetic tree information is conveniently incorporated by using phylogenybased distance metrics. Multiple distance metrics are utilized to maximize the power to detect various types of mediation effect. Simulation studies demonstrate that our method has correct Type I error control, and is robust and powerful under various mediation models. Application to a real gut microbiome dataset revealed that the association between the dietary fiber intake and body mass index was mediated by the gut microbiome. Availability and implementation: An R package 'MedTest' is freely available at https://github.com/
Introduction
With the advancement of the next generation sequencing techniques (Zhang and Wei, 2016; Zhang et al., 2017) , numerous microbiome studies have been conducted at different body sites, such as skin, gut and respiratory tract (Arumugam et al., 2011; Charlson et al., 2010; Cotillard et al., 2013; David et al., 2014; Grice et al., 2009; NunesAlves, 2016; Qin et al., 2010; Wu et al., 2011; Yatsunenko et al., 2012) , with the aim to understand the genetic and environmental forces shaping the human microbiome, and the relationship between the microbiome compositional variation and biological or clinical outcomes (Chen et al., 2012) . With an in-depth understanding of the biological mechanisms underlying the complex interplay between environmental and genetic factors, microbiome compositions and diseases, we could develop clinical interventions to treat diseases by modulating the related microbiota (Faith et al., 2013; Le Chatelier et al., 2013; Lozupone et al., 2012) .
Quite a few statistical methods have been proposed to test the association between the microbiome compositions and covariates of interest (e.g. environmental factors or clinical outcomes) based on 16S data, where 16S rRNA gene sequence tags are clustered into OTUs (operational taxonomic units) based on sequence divergence (Chen et al., 2012; Tang et al., 2016; Zhao et al., 2015) . They usually utilize distance metrics, measuring the pairwise dissimilarity in the microbiome profiles, to compute test statistics, and employ permutation tests to calculate the P-value. The performance of these distance-based methods depends on the choice of the distance metric (Chen et al., 2012) . Numerous distance measures, with different properties and capabilities, have been proposed to detect diverse patterns in microbiome data (Bray and Curtis, 1957; Chen et al., 2012; Lozupone and Knight, 2005; Lozupone et al., 2007) . However, it is usually difficult to choose a proper distance in advance for a particular dataset (Zhao et al., 2015) . Recently, methods that accommodate multiple distances have been proposed (Tang et al., 2016; Zhao et al., 2015) . They provide more interpretable results with controlled Type I error rate, and yield good performance comparable to the best choice of distance metric. However, previous methods could only analyze and test bivariate relations. Recent studies revealed that there is a complex interplay among the environmental (or genetic) factors, the human microbiome and health. For example, the facts that long-term dietary intake influences the composition of microorganisms residing in the human gut (David et al., 2014) and the composition of the gut microbiota determines the efficacy of nutrients harvest from food (Cotillard et al., 2013) strongly suggest that microbiome may mediate the effect of long-term diet on human health (Sonnenburg and Bä ckhed, 2016) . Co-localization of genetic variants associated with both the microbiome and disease indicates a potential mediation role of the microbiome in conferring the genetic susceptibility to disease (Snijders et al., 2016) . Nonetheless, few statistical methods have been developed to efficiently analyze such trivariate relationship in the microbiome data, and to test whether the effect of some independent variable on an outcome variable is mediated by the microbiome.
Traditional mediation analysis, which tests if a single variable mediates the relationship between a known exposure and an outcome, has been widely applied in biomedical, behavioral, and psychosocial studies (Baron and Kenny, 1986; MacKinnon, 2008; Zhang et al., 2016) . Recently, Boca et al. (2014) proposed a permutation-based approach to test multiple putative mediators between a known risk factor and a disease, which controlled the family-wise error rate (FWER). Zhang et al. (2016) extended the multiple mediator model to the high-dimensional setting and studied how the methylation markers mediate the relationship between smoking and lung function. However, none of the above-mentioned methods could be directly applied to test the mediation effect of the microbiome. Microbiome data are highly skewed and zero-inflated, which violates the basic assumptions (e.g. normality or linearity) of existing methods. Due to the complex relationship among the microbiome, environment and disease, linear models are not appropriate. In addition, the large number of rare and low-abundance OTUs makes the individual OTU-based testing less powerful. The power is exacerbated by multiple testing correction. To increase the power of the test, one commonly used strategy is to group the OTU data based on either within-data correlation structure or prior structure inferred from an external source. For microbiome data, OTUs are evolutionarily related to each other by a phylogenetic tree, and environmental factors usually affect bacterial clade (a cluster of OTUs) due to the sharing of a similar biological function. Thus using the tree to guide the OTU grouping could potentially improve the statistical power.
In this article, we propose a powerful and robust statistical tool for testing the mediation effect of the human microbiome. Instead of working with the original OTU data, the method uses the samplewise distance matrices. By using distance metrics, we achieve effective dimension reduction by pooling individually weak signals. Moreover, the distance approach provides the flexibility of incorporating the prior structure information so that the information pooling is priorguided. Since each distance metric implicitly represents some (non-linear) transformation of the OTU abundances, the use of distance metrics could model a wide range of mediation effects. In the framework, we consider multiple distance metrics, including both the phylogenetic tree-based and non-tree-based distances, to capture diverse types of mediation effect. We adopt permutation to evaluate the significance. Permutation allows adjusting to an unknown distribution of the test statistic, and thus properly controls the Type I error. Extensive simulation studies showed that our method could precisely control the Type I error and is robust and powerful under different mediation models. Finally, we analyze a real dataset to demonstrate that our method is powerful in detecting the mediation effect.
Materials and methods

Mediation model
Let M be an n Â m count matrix, which measures the abundances of m OTUs on n microbiota samples. Let X be an n Â 1 vector for the independent variable and Y be an n Â 1 vector for the outcome variable. We assume that the microbiome mediates the effect of X (e.g. environmental exposure) on Y (e.g. disease phenotype) through some unknown microbiome feature vector f ðlÞ M ðl ¼ 1; . . . ; LÞ. A microbiome feature could be the abundance or prevalence of a taxonomic group, the weighted average of several functionally related OTUs or even the richness of the entire microbial community. More generally, a microbiome feature could be defined as a scalar function of the original OTU abundance vector
Due to the multivariate nature of the microbiome data, it is possible to have multiple microbiome features that mediate the effect ðl ¼ 1; . . . ; LÞ. Following previous literature (Boca et al., 2014; Zhang et al., 2016) , we assume the following mediation model
where c Ã and c represent the total effect and the direct effect of the independent variable X on the outcome Y, respectively; e; e 0 and e 00 are random errors. The mediation effect is denoted by the path X ! M ! Y (Fig. 1 ). Note that, by using f M , the model could explore potential nonlinear relationship between the OTU abundances and X or Y. Though we assume a linear relationship between X and Y, it could be extended to generalized linear model using a link function. Also note that potential confounders Z could be easily adjusted in the model and, for simplicity of notations, we omit the potential confounders in the model. We consider the classical three-step method for mediational analysis (Baron and Kenny, 1986; Judd and Kenny, 1981; MacKinnon et al., 2007) . We assume that a significant relation between the independent variable X and the dependent variable Y, which is required by the first equation in (1), has already been satisfied, as this is the basis for mediation analysis. To establish mediation, we need to test whether there is a significant relation of the independent variable X to some mediating variable f 
A distance-based test for mediation effect
Apparently, if the mediating microbiome features ðf ðlÞ M Þ are known a priori, we could apply traditional mediation tests. In practice, we have little knowledge about the specific microbiome features that mediate the effect. The power of the mediation test thus relies on a good choice of microbiome features that capture the mediation relationship as precisely as possible. One simple strategy is to treat the abundance of each OTU as the microbiome feature, perform tests on all the OTUs and apply Bonferroni correction to control the FWER. However, due to the extreme sparsity in the OTU data, individual tests are usually underpowered. To enrich signals and reduce multiple testing burden, community-level analysis, which considers all OTUs jointly, has been proposed to improve the power (Zhao et al., 2015) . One possible approach is to perform principal component analysis (PCA) and the principal components (PC) are used as microbiome features for mediation test. PCA defines the microbiome features based on the within-data correlations. However, for microbiome data, we are more interested in defining the microbiome features based on the phylogenetic tree of OTUs. Environmental exposure or disease usually affects a cluster of phylogenetically related OTUs, which share a similar biological function. To accommodate the tree structure, we propose to form PCs respecting the tree structure so that the PCs could capture the variation of evolutionarily related OTUs. One way to achieve this is through multidimensional scaling (also known as 'principal coordinate analysis') on a distance matrix, where the distance incorporates the tree structure information. Given the availability of many ecological distances, this approach is particularly appealing.
We thus apply a distance-based non-parametric method to test the mediation effects. The test consists of two parts: a distancebased test statistic and a permutation scheme to approximate the distribution under the null. Let D ¼ ðd ij Þ 2 R nÂn be the distance matrix that measures the dissimilarity between the samples based on their microbiota profiles. The microbiome features could be formed by performing eigen-decompostion on the double centered matrix of squared distances, which is defined as
where I is the identity matrix and 1 is a vector of 1's and
We take these eigenvectors ðu 1 ; u 2 ; . . . ; u L Þ as the microbiome features.
Suppose that X Z is the residual vector after the effects of confounder Z has been regressed out, and Y X;Z the residual vector after the effects of X, Z have been regressed out. The test statistic for mediation is formulated as
wherej:j is the absolute value function and < :; : > is the inner product. Note that k j is proportional to the percentage of explained variance, and we assign more weights to the microbiome features that account for larger variance. We apply permutation test to calculate the P-value based on the proposed test statistic. For jth permutation, j 2 f1; 2; . . . ; Bg, we permute the residual vectors X Z and Y X;Z separately and denote the permuted residual vectors as X ðjÞ Z and Y ðjÞ X;Z . We calculate the following statistics
The final test statistic under the jth permutation is calculated as
The P-value is obtained as the proportion of fT; T ð1Þ ; T ð2Þ ; . . . ;
T ðBÞ g that is equal to or larger than the observed statistic T. Note that the permutation strategy reflects the three different types of null hypotheses (X ! M! Y; X! M ! Y; and X! M! Y).
Distances
Numerous distance measures have been proposed to quantify the difference between microbial composition profiles (Kuczynski et al., 2010; Swenson, 2011) . On the one hand, they could be generally categorized into abundance-based distances (or quantitative measures) and presence-absence-based distances (or qualitative measures) (Tang et al., 2016) . The presence-absence distances only consider the presence and absence information of the species, while abundance distances utilize species abundance data (e.g. counts or relative proportions) to compare microbial communities. Thus they have different efficiency in detecting changes in community composition or community structure. On the other hand, based on whether a phylogenetic tree is involved in computing the dissimilarity matrix, they could be divided into tree-based and non-tree-based distances. Distance measures, which incorporate phylogenetic information, account for the degree of divergence between different sequences (Lozupone and Knight, 2005; Lozupone et al., 2007) and hence is most powerful to detect change of clustered signals (i.e. bacterial clades). In contrast, non-tree-based distance is more powerful to detect randomly distributed signals. We thus use standard ecological distances from each category to have a more comprehensive view of the microbiome. We assume the data are rarefied to the same depth before calculating the distances. We consider the following distances. 
Jaccard and Bray-Curtis distances
Among the non-tree-based distances, Jaccard distance is a qualitative measure that utilizes presence-absence data of the species. Let n 10 jk ; n 01 jk and n 11 jk denote the count of the species that present in sample j only, sample k only, and both samples, respectively. Jaccard distance between sample j and k is defined as
In contrast, Bray-Curtis distance is a quantitative measure based on the abundance of species (Bray and Curtis, 1957) . Let p ji and p ki , for i ¼ 1; . . . ; m, be the relative abundance of OTU i in samples j and k, respectively. As defined by Bray and Curtis, the index of dissimilarity is
Note that the presence-absence version of Bray-Curtis distance is actually equivalent to the Jaccard distance, as the difference is usually ignorable (Tang et al., 2016) .
Unweighted, weighted and generalized UniFrac distances
The unique fraction metric, or UniFrac distance, which takes into account the phylogenetic relationship between OTUs, is frequently used to summarize the overall microbiota variability. The original UniFrac distance comes in two versions: the unweighted UniFrac uses only the presence/absence data (Lozupone and Knight, 2005) , while weighted UniFrac is based on the relative abundance of each taxon (Lozupone et al., 2007) . Let b i , for i ¼ 1; . . . ; m b , denote the length of ith branch of the phylogenetic tree, and p A i and p B i denote the cumulative proportions of all OTUs descending from the ith branch for community A and B, respectively. The unweighted UniFrac distance is mathematically defined as
where IðÁÞ is the binary indicator function. The unweighted UniFrac is the most efficient to capture the variability in community membership or the abundance of rare lineages, since the probability of being sequenced for these rare taxa is directly related to the presence/absence of species (Chen et al., 2012) . On the contrary, weighted UniFrac distance, which is defined as
is the most efficient to capture the variability in the abundant lineages, because these abundant lineages contribute the most weights (Chen et al., 2012) . However, both unweighted and weighted UniFrac distances have limited ability to capture the variability of taxa in the middle of the abundance spectrum, where a significant portion of the taxa lie. Chen et al. (2012) proposed a generalized version of UniFrac distance to address the limitations of the traditional UniFrac distances. The generalized UniFrac distance is defined as
The distance, d
ð0:5Þ G , where a ¼ 0:5, has been shown to be robust and is very efficient to capture the microbiota variability in these moderately abundant lineages. Besides unweighted and weighted UniFrac, we also use d ð0:5Þ G (we will drop the superscript for simplicity) in the mediation model to summarize the microbiota variability. By using different UniFrac distances to summarize the overall microbiota variability, more insights can be gained about the source of microbiota variability.
An omnibus test based on multiple distance measures
Each distance represents a distinct view of the microbiota and is expected to be the most powerful to detect a specific mediation pattern. However, in real applications, we may have little knowledge about the underlying mediation mechanism. Sticking to a single distance could miss important mediation effect. Therefore, considering different distance measures is key to the robustness and power of the test. Here we consider phylogenetic tree-based distances, i.e. unweighted, weighted and generalized UniFrac distances, together with non-tree-based Jaccard and Bray-Curtis distances. One possible solution for ensembling different distances is that we compute the testing statistic for each distance, apply permutation tests to calculate P-values, and report the final P-value as the minimum P-value across multiple distances adjusted by Bonferroni correction for multiple comparisons. However, this method may lose some power due to the correlations between the distance measures. Thus we propose an omnibus test to ensemble multiple distances so that it is more powerful in detecting mediation effects.
Suppose that there are K distances, which are denoted as d 1 ; d 2 ; . . . ; d K . Algorithm 1 shows the detailed steps of the proposed testing procedure. To integrate different distances simultaneously, we compute the minimum P-value across multiple distances as the test statistic and simulate its distribution under null hypothesis through permutation procedures. As mentioned by Tang et al. (2016) , a larger B is usually desired for achieving accurate P-values.
Results
Simulation strategy
We conduct extensive simulation studies to investigate the performance of the proposed method. We demonstrate that our method, which considers multiple distances simultaneously, could precisely control the Type I error rate and yields a competitive power compared with the best distance measure. Following Chen et al. (2012) , we simulate the data by mimicking a real throat microbiome data (Charlson et al., 2010) . Dirichletmultinomial (DM) model (Mosimann, 1962 ) is applied to model the overdispersion of the real data and generate the simulated OTU counts. Note that the model parameters are estimated from the real throat data (Chen et al., 2012; Tang et al., 2016; Zhao et al., 2015) .
We consider two representative mediation models, where the effect is mediated through OTU abundance and presence/absence, respectively. In the first scenario (A), the independent variable X affects the relative abundance of some OTU set and the abundance data of the OTUs affect the final outcome Y. In the second scenario (B), we vary the procedure by allowing X affecting the presence/absence of OTUs, and the presence/absence of OTUs affecting Y.
Suppose that the microbiome counts of m taxa OTUs are generated by a DM distribution with the proportion parameter p ¼ ðp 1 ; p 2 ; . . . ; p m Þ and dispersion parameter h. Let A f1; 2; . . . ; mg denote the indices of the mediating OTUs.
The simulation procedure for scenario A: 3. Renormalize p ðiÞ for each sample i such that the total proportion is equal to 1. 4. Generate the count matrix M through DM distributions with the proportion parameter p ðiÞ , for i ¼ 1; 2; . . . ; n, and dispersion h.
Calculate the outcome Y as
where
f is a scaling function that standardizes the OTU abundance to have mean 0 and SD 1, and e 00 i $ Nð0; 1Þ. The observed data are X, M and Y, and a and b jointly control the mediating effects. We vary the above procedure to simulate presence/absence data for scenario B.
The simulation procedure for scenario B:
1. Generate X ¼ ðx 1 ; x 2 ; . . . ; x n Þ T from a standard normal distribution. 2. Generate the count matrix M through DM distributions with the proportion parameter p and dispersion h. 3. Update M by randomly changing presence to absence for each mediating OTU j with a probability proportional to the independent variable such that 
I Á ð Þ is the binary indicator function, and f is a scaling function. For each scenario, we partition the m OTUs into 20 clusters via the partitioning around medoids algorithm (Maechler et al., 2017) and select clusters with different abundance levels as mediating OTUs. We also consider a setting that randomly selects 40 OTUs to form a group, which ignores the phylogenetic relationship (Chen et al., 2012) . We use a sample size n ¼ 150, and the sequencing depth is 1000 reads on average per sample. The simulated count matrix M, which is generated with parameters estimated from the real dataset, contains 90% zeros, similar to the percentage of zeros in real data (93% zeros). We vary a and b from 0 to 1 to evaluate the Type I error rate and the statistical power of the proposed method. We compare the power of the omnibus test with tests based on individual distance measures. In addition, a simpler method, which selects the minimum P-value of multiple single distance-based tests and adjusts it with Bonferroni correction, is also implemented. We conduct 1000 simulations for each parameter setting.
Simulation results
Figures 2 and 3 show two representative results of different tests for detecting the mediation effects. Phylogenetic tree-based clusters 5 and 6 are selected to mediate the effects of independent variable X on the outcome Y, respectively. The dashed lines represent the results from single distance-based tests. Specifically, BC, JAC, UniFrac, WUniFrac and GUniFrac represent the test results from Bray-Curtis distance, Jaccard distance, unweighted UniFrac distance, weighted UniFrac distance and generalized UniFrac distance, respectively. The solid lines, Omnibus and Bonferroni, denote the test results of the proposed omnibus test and the method with Bonferroni correction, respectively. We vary coefficients a and b from 0 to 1, and consider the two scenarios for each choice of a and b. All the results are reported at the significance level 0.05. Note that the power of the setting that a ¼ 0 or b ¼ 0 is the Type I error rate.
We can see that the proposed omnibus test could control the Type I error rate at the significance level 0.05, when the null hypothesis is true (a ¼ 0 or b ¼ 0). In contrast, when the null hypothesis is not true, the power increases with the increase of mediating effects. This observation is consistent for all methods and settings. The omnibus test dominates the Bonferroni-corrected test. Single distance-based tests demonstrate completely different power in Scenarios A and B. For the abundance data (Scenario A), weighted UniFrac distance and generalized UniFrac distance deliver much better results than the other distances. In the Scenario B, where only the presence/absence data affect the mediation effects, the UniFrac distance stands out. However, none of the above-mentioned distance metrics could maintain their good performance in both scenarios. For example, weighted distance and generalized distance have little power to detect the mediation effects in Scenario B, and UniFrac distance has a much worse performance in Scenario A. When compared with these single distance-based tests, the proposed omnibus test, which incorporates all distance metrics, could maintain a good performance in both scenarios. It yields considerably better results than most single distance-based tests, and only loses moderate power when compared with the one using optimal distance, which is usually unknown in advance.
The mediating effects may also be built upon a set of OTUs (or species) which do not have any phylogenetic relationship. We further conduct experiments with randomly selected 40 OTUs as the mediating predictors, and show the detailed results in Figure 4 . As expected, the Bray-Curtis distance and Jaccard distance, which do not utilize phylogenetic information, present the best performance in Scenarios A and B, respectively. It should be also noted that our omnibus test is consistently better than the Bonferroni-adjusted method and all other single distance-based methods.
Full simulation results for all clusters (n ¼ 150) are provided in Supplementary Data (Supplementary Figs S1-S20 ). In addition, we further reduce the sample size to n ¼ 50 to evaluate the performance of the proposed method under small sample sizes. As shown in the Supplementary Data (Supplementary Figs S21-S40) , the results remain similar and the proposed omnibus test demonstrates a more pronounced improvement over the method based on Bonferroni correction.
Real data application
Diet strongly affects human health, partly by modulating gut microbiome composition (Wu et al., 2011) . Wu et al. (2011) studied the association of long-term dietary and environmental variables with the gut microbiota. Ninety eight healthy volunteers were enrolled in the cross-sectional study. The volunteers' long-term diet information was collected through food frequency questionnaire and converted to intake amounts of 214 nutrient categories. At the same time, their stool samples were collected, and the DNA samples were analyzed by 454/Roche pyrosequencing of 16S rDNA gene segments (Wu et al., 2011) . The pyrosequences were denoised (Quince et al., 2009) prior to taxonomic assignment and then analyzed by the QIIME pipeline (Caporaso et al., 2010) with the default parameter settings. The data also has measurements of body mass index (BMI).
Previously, we observed significant association between dietary fiber intake (as assessed by percent calories from dietary fiber) and BMI, the association between the gut microbiota and BMI, and the association between fiber intake and the gut microbiota (Wu et al., 2011) . We want to know whether the association between the fiber intake and BMI is mediated by the gut microbiota. This problem is of clinical significance. If the gut microbiota plays a mediation role, we could potentially modulate the gut microbiota to treat obesity. We use the proposed distance-based approach to test for mediation. Distance matrices are calculated based on the rarefied OTU table (rarefied to 2387 counts per sample) to reduce potential sequence depth-dependent bias. As shown in Supplementary Data ( Supplementary Fig. S41 ), rarefaction could improve the power of mediation test with unweighted distance measures. For weighted measures, the rarefaction does not affect the power much (Weiss et al., 2017) . Overall, using rarefaction slightly improves the performance of the proposed omnibus test. Table 1 summarizes the Pvalues for the association tests between the fiber intake (X), gut microbiota (M) and BMI (Y). The P-value of 'Y-X' is calculated using F-test, while 'M-X' and 'Y-M' are computed via the Microbiome Regression-Based Kernel Association Test (MiRKAT) (Zhao et al., 2015) with kernels built upon above-mentioned treebased and non-tree-based distance metrics. As shown in Table 1 , the fiber intake demonstrates significant (negative) associations with BMI, and the gut microbiota is significantly associated with both fiber intake and BMI. Thus we further perform the mediation test to check whether the gut microbiota mediates the effects of the fiber intake on the BMI. Table 2 summarizes the results for the single distance-based mediation tests, the Bonferroni-adjusted test and the omnibus test. For the single distance-based mediation tests, only the one based on the Jaccard distance could detect the mediation effects (P-value < 0.05). The UniFrac distance also achieves a P-value of 0.09. These two distance measures are efficient in capturing the patterns in presence/absence data. In contrast, none of the abundancebased distances, Bray-Curtis, weighted UniFrac and generalized UniFrac distances, report significant mediation effects. Mediation analysis on individual distances indicates that, besides phylogenetically related OTUs, probably there are more OTUs with distant relationships mediate the effect. As we do not know the underlying mediation model in advance, using a single distance alone could miss important mediating effects. The proposed omnibus test, which simultaneously considers multiple distance metrics, achieves a single P-value of 0.0309. The proposed omnibus test is more powerful than Bonferroni correction, whose P-value is 0.0410. We are also interested to know which taxa play the mediator roles. We conduct mediation tests on individual taxa at different taxonomic ranks. We extracted the OTUs belonging to the taxonomic groups and performed the same omnibus test as using the whole data. We excluded taxa with few counts from testing. Table 3 summarizes the number of taxa tested at each level. The phylogeny of the tested taxa is visualized in Supplementary Data (Supplementary Fig. S42 ). As shown in Supplementary Figure S42 and Table 4 , Lachnospiraceae Family, Ruminococcaceae Family and Lachnospira genus (under family Lachnospiraceae) are nominally significant with P-values 0.0129, 0.0468 and 0.0430, respectively. However, none of the taxa are significant if multiple testing correction such as false discovery rate control is applied, indicating the increased power by jointly analyzing the OTUs. Though not truly statistically significant, the Lachnospira genus has important literature support. Clarke et al. (2012) observed that the gut microbiota of lean individuals contained elevated proportions of sequences corresponding to the Lachnospira compared with that of obese and gastric bypass individuals. In addition, the Lachnospira are known pectin degraders (Rode et al., 1981) and play important roles in the colonic fermentation of dietary fibers (Zhang et al., 2009) . Thus, the Lachnospira genus could help explain the association between fiber intake and individual's BMI.
Discussion
In this article, we propose a novel distance-based omnibus test of mediation effect, and apply it to microbiome data as a special case. We show that our method is robust and powerful in detecting the structured mediators. Our method is very general and can be applied to any genomics data with different structures (e.g. LD structure for genetic data). We simulate two scenarios that the effects of predictors X on response Y are mediated by the abundance of OTUs and the presence/ absence of OTUs, respectively. Both phylogenetic tree-based and non-tree-based settings are investigated to thoroughly evaluate the performance of the proposed method. Our method is naturally capable of accommodating the confounding variables, though we do not explicitly simulate such settings. In addition, possible alternatives (e.g. testing the mediation effect on individual taxon, followed by FWER control) are not compared in the experiments, as they have no power.
The proposed method focuses on detecting an overall mediation effect by using an ensemble of distance measures. The next step is to identify specific taxa or OTUs accounting for the mediation effect. The identified taxa can provide deep insights into the underlying biological mechanisms. Our framework can be easily adapted to perform a hierarchical taxa mapping, where we start from the phylum down to the OTU level. At each taxonomic level, we extract the OTUs belonging to the same taxonomic group (e.g. Bacteroides genus), construct the distances based on the subset of OTUs and apply the proposed method, coupled with multiple testing correction. The proposed method could also extend to multivariate X, where we sum up the test statistics for individual orthogonal components of X after singular value decomposition.
One limitation of our method is the inability to quantify the relative contribution of direct and indirect effects since we do not directly test mediation effects for individual OTUs. In addition, as all statistical mediation models, the proposed model depends on many assumptions such as no unmeasured confounders and it remains subject to the same rules that association does not prove causality (MacKinnon and Fairchild, 2009; VanderWeele and Vansteelandt, 2009) . Nevertheless, the proposed mediation test provides important statistical evidence, which justifies the efforts for deeper mechanistic study or experimental validation such as using randomizedcontrol trials.
Funding
The work was supported by Mayo Clinic Gerstner Family Career Award and Mayo Clinic Center of Individualized Medicine.
Conflict of Interest: none declared.
